A technique to determine the geographic origin of wine was examined using 99 samples from Japan and 4 other countries. The contents of 21 elements (Al, Pb, Sr, V, and Zn) were determined by inductively coupled plasma optical emission spectrometry. A linear discriminate analysis (LDA) model was created to identify wine from Japan and other countries. With these parameters, 99% correct classification was achieved. We developed an LDA model calibrated with the analytical results of 5 elements (B, Ca, Cr, K, and Mg) chosen by a backward stepwise procedure. This LDA model identified the origin of wines as Japan with 91% certainty. This result suggests that discriminating by inorganic element composition may be useful to identify Japanese wine for import clearance.
Introduction
Wine is a widely consumed beverage across the world and has obvious commercial worth. Wine composition is influenced by many and diverse factors corresponding to the specific production area, such as grape variety, soil, climate, culture, yeast, wine-making practices, transport, and storage. All of these factors have an important effect on the wine quality and are of utmost importance when differentiating wines and attempting to detect possible fraud (Kwang et al., 1979; Pérez-Magariño et al., 2004; Šperková and Suchánek, 2005) . The authenticity of wine is guaranteed by strict guidelines laid down by the responsible national authorities (e.g., Institut National des Applications & Origines in France, Denominación de Origen (Designation of Origin, DO) in Spain) (Álvarez et al., 2007) .
Numerous applications of multivariate methods for wine classification aimed at establishing authenticity have been reported. These consider several classes of chemical variables and sensory properties. Amino acids and phenols constitute a potentially useful group of substances for wine differentiation and classification. High-performance liquid chromatography (HPLC) has been used for this purpose in the analysis of wines (Héberger et al., 2003; Rodríguez-Delgado et al., 2002) . Sensory analysis is also considered an important technique to determine wine quality and in combination with chemometrics has allowed differentiation among wines from different geographical areas (Schlosser et al., 2005; Vilanova and Vilarińo, 2006) .
Determination of the elemental composition of wine is another possible method for characterizing samples and also for identifying wine origin. For application, rather than determining a single element it is necessary to accurately determine, as much as possible, macromicro and trace elements. Different techniques, such as flame atomic absorption spectroscopy (FAAS) (Lemos et al., 2002) , graphite furnace atomic absorption spectroscopy (GFAAS) (Ndung'u et al., 2004) , and voltammetry (Brainina et al., 2004) have been employed to determine metals in wines. The most extensively employed techniques for elemental characterization of wines are inductively coupled plasma mass spectrometry (ICP-MS) (Kment et al., 2005; Marisa et al., 1999; Tatár et al., 2007) and inductively coupled plasma optical emission spectrometry (ICP-OES) (Murányi and Kovács, 2000; Thiel and Danzer, 1997) , which are suitable for the simultaneous or fast sequential determination of inorganic elements. Those techniques provide multi-element detection capability and a wide linear dynamic range, which permit the determination of several elements in a single sample (Gonzálvez et al., 2008) .
In Japan, imported wine accounted for 66% of the 507 total wine shipment in 2008. Traditional imported wine remains a perennial favorite, however, Japanese wine is receiving increasing attention because the quality of wine has improved, and it has received high acclaim in global competitions. The council of wine representation problems revised the voluntary standards in 2008 (Japan Wineries Association, http://www.winery.or.jp).
The aim of the present study was to develop a classification scheme that would confirm the authenticity of wines from Japan. Multi-element analysis of wines by ICP-OES was undertaken to ascertain whether these methods could provide data for determining the region of origin of wine.
Materials and Methods

Reagents
High-purity water with a maximum resistivity of 18.2 MΩ cm −1 obtained from a Milli-Q Millipore system (Millipore, Inc., Japan) was used for sample treatment and sample dilution. Nitric acid for the analysis of poisonous metals (Wako, Japan) and hydrogen peroxide for atomic absorption spectroscopy (AAS) (Wako) were used throughout the work. Single-element inductivity coupled plasma (ICP) standard solutions (1000 mg·L −1 ) (Wako) were purchased. The element quantification was assessed using the internal standard (Y) method. The linearity of the instrument was checked over the following three concentration ranges: 0.0001 to 0.1 mg·L −1 (Ba, Cd, Cr, Cs, Li, Mo, Ni, Pb, and V); 0.0001 to 1 mg·L −1 (Al, B, Cu, Fe, Mn, Sr, and Zn); 0.001 to 10 mg·L −1 (Ca, K, Mg, Na, and P).
Wine samples
Bottled wine samples were purchased from a local market. We bought only wine for which the geographical origin was described clearly. In total, 99 different wines from 5 countries were selected for the measurements, including wines from Japan (58), Chile (12), America (11), France (10), and Italy (8). France, Italy, America, and Chile were the top 4 countries with a quantitative restriction on imports in 2007. Fifty-two (32 from Japan and 20 from other countries) were red wines, and the others were white wines. The Japanese red wine included 5 rose wines. These wines had less than 3 years of aging.
Microwave-assisted digestion
Microwave-assisted treatment was adapted according to the microwave laboratory system manufacturer's recommendations (Milestone General, Japan). Teflon digestion vessels were cleaned with 10% nitric solution to avoid cross-contamination. Two-milliliter samples of wine were weighed in the digestion vessels. To remove the alcohol by evaporation, the vessels were placed on a hot plate (100°C) under a fume hood. We added 5 mL of 60% nitric acid and 1 mL 30% hydrogen peroxide to the vessels. Once each vessel was capped, it was placed in a microwave oven, and the following program was run: 2 min at 250 W; 3 min at 0 W; 5 min at 250 W; 5 min at 400 W; 5 min at 500 W; and 5 min cool-down. After cooling to ambient temperature, the reactors were opened and sonicated to eliminate nitrous vapors. The resultant solution was diluted in a measuring cylinder to 10 mL with 1% nitric acid. In the measurement of Ca, K, Mg, Na, and P, the diluted solution was diluted by one eighth (white wines) and one twentieth (red wines). Y was included as an internal standard at the concentration 0.05 mg·L −1 .
Apparatus
Measurements by ICP-OES were carried out using a multitype plasma spectrometer ICPE-9000 (Shimadzu, Japan) equipped with an autosampler, ASC-6100F. Argon (purity higher than 99.99%) was employed as the plasmogen and carrier gas. The operating conditions of the ICP-OES equipment are summarized in Table 1 . The calibration standards were prepared from a single elemental standard solution in 1% nitric acid.
To control the stability of the analytical signals, we 
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measured the standard solutions before and after measuring the samples. The elements were measured at least three times and the mean values were compared.
Chemometrics
Multivariate analysis, consisting of principal component analysis (PCA) and linear discriminate analysis (LDA), was employed for wine differentiation and classification according to the geographical origin. The measured value was standardized for PCA analysis. Statistical computations were performed using the statistical package JMP6 (SAS Inst., Japan) and the Statistica for Excel (ver. 4, 1998) (Statcel, OMS Corp., Japan).
Results and Discussion
The recovery rate of the method was from 72.8% (P) to 105.5% (Al). Precision, relative standard deviation (RSD), was less than 10% for all other elements, excluding Cd, Cr, Cu, and Li (Table 2) . Other researchers have also reported that the RSD of these elements was high . We therefore judged that this method was adequate for the analysis of wine. Grindlay et al. (2008) also showed that the microwave digestion system was a powerful device for the elemental analysis of wine samples in ICP-OES.
The results of the instrumental analysis of 21 chemical variables for wines from Japan and 4 other countries are summarized in Table 3 . Data are expressed as the mean Table 3 . Analysis of variance of the inorganic element content in Japanese and other wines.
** Significant at P < 0.01; *** Significant at P < 0.001 Data followed by different letters in the same row are significantly different (Scheffe's test at P < 0.05). SD: standard deviation; NS: not significant. and standard deviation (SD). Japanese wines contained more K than other wines. The Japanese wines showed a low level of B, Cd, Mg, Ni, Pb, and Zn. In white wine fermentation, a hydraulic press is used to extract juice from grapes. The skins and seeds are removed. Meanwhile, the skins and seeds are fermented with the juice in red wines. In this study, the red wines contained more K than white wines. The red wines were likely to contain more inorganic components. Statistical analysis was performed by one-way ANOVA, and the differences between means were tested by Scheffe's test when the F-value was significant. ANOVA showed that for 86% of the 21 elements considered, there were highly significant differences in the composition of wines of different geographical origin, while no significant differences among the Al, Cu, and Na content of wines by regions were recorded. Principal component analysis (PCA) is a powerful visualization tool for data evaluation that can graphically represent intersample and intervariable relationships and provide a way to reduce the dimensionality of the data. It is an unsupervised method of pattern recognition in the sense that no grouping of the data has to be known before analysis. Using PCA, class membership is easy to indicate on a score plot.
Linear discriminate analysis (LDA) is a method to discriminate between two or more groups of samples. It is a supervised method of pattern recognition, which means that the class membership has to be known prior to analysis. The groups to be discriminated can be defined either naturally by the problem under investigation, or by preceding analysis, such as cluster analysis or PCA.
PCA allowed 58.54% of the total variance to be explained by the first three principal components. Differentiation of scores of Japanese and other wine was not significant using 21 elements as variables (Fig. 1) . Scores of Japanese wines were scattered to the left from the origin on the first principal component.
The loading plot of variables shows that primarily Mo, Ni, and Pb (first principal component (PC) > 0.92) were part of the first principal component, while Sr (second PC > 0.88) was the main constituent of the second principal component. Lower Mo, Ni, and Pb content of most Japanese wines took their first principal component score to a low level from the origin on the first PC.
LDA was used to differentiate Japanese and other wines (Fig. 2) . The percentage of correctly classified wines, using the 21 elements, was 99%. From 99 samples, 98 samples were correctly classified. The classification of Japanese wines was 100%. From 41 other wine samples, one French sample was misclassified as a Japanese wine; accordingly, the classification of other wines was 97.6% accurate. Scores of red wines were scattered to the right from the origin on the first canonical component. The canonical scores of most wines from Chile were clustered in a tight group.
An LDA model for 5 of 21 elements (B, Ca, Cr, K, and Mg) selected by backward stepwise regression could be used to correctly identify the country of production (Japan or other) in 88 of 99 samples. Five Japanese and 6 other samples were misclassified. The discrimination function: A common technique to assess classification performance is 10-fold cross-validation (Ariyama, 2007) . In this approach the overall set of samples is randomly divided into 10 approximately equal parts. Then, each time one of these subsets is excluded from the overall set of samples and used as the test set, the remaining samples are used as the training set. This cycle is repeated over the 10 subsets and the resultant classification accuracy rates are averaged to produce a 10-fold cross-validation accuracy rate. In this study, for 99 samples, partitioning produced 9 subsets (10 samples) and 1 subset (9 samples); therefore, the training set (9 subsets) and test set (1 subset) included totally separate sets of data.
The 10-fold cross-validation study showed that 5 Japanese and 6 other samples were misclassified. This was the same as the result of classifying the sample that had assessed the discrimination function. It was therefore confirmed that this discrimination function was valid.
Elements can be considered as good indicators of wine origin, since they are not metabolized or modified during the vinification process (Almeida and Vasconcelos, 2001; Suhaj and Koreńovská, 2005) . On the other hand, some authors have reported that some winemaking treatments, namely bentonite and yeast hulls, can increase or deplete the content of some mineral elements, thus influencing the final macro-micro and trace element composition of the wine (Jakubowski et al., 1999; Mihucz et al., 2006; Nicolini et al., 2004 ). Since we have not investigated the effects of additives, such as bentonite, additional research is needed. Other studies have indicated that inorganic elements are not suitable to differentiate wines according to provenance (Marengo and Aceto, 2003; Pérez-Trujillo et al., 2003; Thiel et al., 2004) , possibly because of the similar geochemical characteristics of the vineyard soils considered in these studies.
All investigations in the field of wine authentication underline the fact that the discovery of suitable analytical parameters for the identification of wine origin is not simple. Analytical data sets of wine reflecting their constitution must rather be compared with databases from authentic or commercial standard wines by application of multivariate statistical methods for analytical determination concerning variety, geographical origin, vintage, and other factors by multi-analytical and multi-factorial statistical methods.
